14 15 Background: Topologically associating domains (TADs) are fundamental units of three-16 dimensional (3D) nuclear organization. The regions bordering TADs-TAD boundaries-17 regulate gene expression by restricting interactions of cis-regulatory sequences to their target 18
genome architecture. For example, how does genetic variation in different 3D contexts 48 contribute to the risk of common complex disease? Furthermore, disease-causing regulatory 49 variation is well known to be tissue-specific; however, there has been little characterization of 50 3D structure variation across multiple cell types. [13] [14] [15] Understanding how different attributes of 51 3D genome architecture influence disease risk in a cell-type-specific manner is crucial for 52 interpreting human variation and, ultimately, moving from disease associations to an 53 understanding of disease mechanisms. 16 54 3D genome organization can be characterized at different scales. Globally, 55 chromosomes exist in discrete territories in the cell nucleus. 7, 17, 18 On a sub-chromosomal scale, 56 chromatin physically compartmentalizes into topologically associating domains (TADs). TADs 57 are megabase-long genomic regions that self-interact, but rarely contact regions outside the 58 domain ( Fig. 1A) . 7, [19] [20] [21] They are likely formed and maintained through interactions between 59 CTCF zinc-finger transcription factors and cohesin ring-shaped complexes, among other 60 proteins both known and unknown. 7, 22 TADs are identified as regions of enriched contact density 61 in Hi-C maps (Fig. 1A) . TADs modulate gene regulation by limiting interactions of cis-regulatory 62 sequences to target genes. 7 The extent to which chromatin 3D topology affects gene expression 63 is still debated. In extensively rearranged Drosophila balancer chromosomes, few genes had 64 expression changes. 23 In contrast, subtle chromatin interaction changes in induced pluripotent 65 stem cells (iPSCs) from seven related individuals were associated with proportionally large 66 differential gene expression. 24 Thus, further cell-type-specific investigation into properties of 67 TAD organization and disruption is needed to clarify which parts of the genome are sensitive to 68 changes in 3D structure. 69 TAD organization can be divided into two basic features: the TAD and the TAD 70 boundary. TADs are the self-associating, loop-like domains which contain interacting cis-71 regulatory elements and target genes. TAD boundaries-regions in between TADs-are 72 insulatory elements that restrict interactions of cis-regulatory sequences, like enhancers, to 73 target genes. 7 Previous work suggests the functional importance of maintaining both the "self-3 selection on SV. 32 Finally, human haplotype breakpoints do not align with chromatin boundaries, 91 which indicates that recombination may be deleterious at TAD boundaries. 33 Collectively, these 92 suggest that TAD boundaries are functionally important and constrained, especially on the scale 93 of human evolution. 94 In addition to the need for further characterization of TADs versus TAD boundaries, 95 there is also a gap in our understanding of the variability in TAD organization across cell types. 96 TADs and TAD boundaries have been characterized as largely invariant across cell types 19,20,34- 97 36 and species 7, 19, 26, 37, 38 . However, previous pair-wise comparisons of five 3D maps suggest that 98 30-50% of TADs differ across cell types. 35, 39 Boundaries shared across two cell types have 99 evidence of stronger SV purifying selection than "unique" boundaries, suggesting that "stable" 100 boundaries are more intolerant of disruption. 32 Although this provides some characterization of 101 "stable" versus "unique" TAD boundaries across cell types, most previous attempts to 102 categorize TAD boundaries have focused on insulatory strength or hierarchical level in a single 103 cell type. For example, stratifying boundaries by their strength (in a single cell type) facilitated 104 discovery that greater CTCF binding confers stronger insulation and that super-enhancers are 105 preferentially insulated by the strongest boundaries. 40 Stratifying by hierarchical properties of 106 TADs-TADs often have subTADs-demonstrated that boundaries flanking higher level 107 structures are enriched for CTCF, active epigenetic states, and higher gene expression. 41 108 Despite these preliminary indications that the stability of components of the 3D 109 architecture may influence functional constraint, there has been no comprehensive analysis 110 comparing genomic functionality and disease-associations between 3D structural elements 111 stable across multiple cell types versus those that are unique to single cell types. Quantifying 112 stability across cell types is important to for interpreting new variation within the context of the 113 3D genome given our knowledge that disease-associated regulatory variation is often tissue-114 specific. 13-15 115 To investigate differences in TAD boundaries across cell types, we quantify boundary 116 "stability" as the number of tissues that share a TAD boundary. If a TAD boundary is found in 117 many tissues, it is "stable"; whereas, if it is found in few tissues, it is "unique" (Fig. 1B ). Using 118 this characterization, we address two main questions that aim to expand our framework for cell- 150 To characterize the stability of TAD structure across diverse cellular contexts, we examined 37 151 TAD maps from the 3D Genome Browser (Supplemental Table 1 ). 42 The cellular contexts 152 include primary tissues, stem cells, and cancer cell lines; for simplicity, we will refer these as 153 "cell types". [34] [35] [36] [43] [44] [45] [46] All TAD maps were systematically predicted from Hi-C data using the 154 hidden Markov model (HMM) pipeline from Dixon et al. (2012) ( Fig. 2A) . 19, 42 The resulting maps 155 are defined with respect to the same 40 kb windows across the genome for each cell type. 156 The median TAD length across all cell types is 1.15 Mb (IQR: 0.71 -1.82 Mb) and the 157 median number of TADs per cell type is 1844 (IQR: 1625 -2277). We observed an inverse 158 relationship between TAD length and number of TADs in a cell type: cells with longer TADs 159 have fewer TADs (Supplemental Fig. 1 ). Primary tissues have longer TADs, whereas naïve cell 160 types like stem cells and de-differentiated leukemia cell-lines have shorter TADs (Supplemental 161 Fig. 1 ). This is consistent with previous examination of neuronal development which found that, 162 during differentiation, TAD number decreases with a corresponding increase in size. 12 163 5 To compare TAD boundaries across cell types, we defined boundaries as the 40 kb 164 window surrounding (± 20 kb) TAD start and stop sites. This size is consistent with TAD 165 boundaries defined by other studies and the 25-40 kb Hi-C resolution in these maps. 36 Since the 166 maps for each cell type are defined using the same genomic windows, we identify overlapping 167 boundaries based on these 40 kb windows. To demonstrate the robustness of our results, we 168 also consider a more permissive definition of overlapping TAD boundaries by collapsing all 169 adjacent 40 kb TAD boundaries across cell types up to a 200 kb resolution (Supplemental Fig. 170 2A). We will refer to this permissive definition as the "200 kb collapsed" boundaries and confirm 171 that all results hold using this definition. 172 Using the cross-cell-type TAD boundary intersection, we find that boundaries vary 173 substantially across cell types. Only 4.9% of TAD boundaries are shared in 20+ of the 37 cell 174 types and 33.8% of TAD boundaries are unique to a single cell type ( Fig. 2B ). Even with "200 kb 175 collapsed" permissive boundary overlap definition, 32.6% of boundaries are unique to a single 176 cell type (Supplemental Fig. 2C ). To quantify boundary stability for further analyses, we defined 177 genome-wide boundary "stability maps" based on stability percentiles across TAD boundaries; 178 for example, boundaries present in 25 of 37 contexts are at the 98th percentile of stability when 179 compared to other TAD boundaries (CDF in Fig. 2B ). 180 Although there is high variability in TAD boundary landscape across different cell types, 181 we found that biologically similar cell types have more similar TAD boundary maps. For 182 example, cell type classes (e.g. organ/tissue, stem cell, and cancer) generally cluster together. 183 The two melanoma cell lines cluster together, as do left ventricle, right ventricle, and aorta. This 
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In summary, although TADs and TAD boundaries have been characterized as largely 202 invariant across cell types, we demonstrate that there is substantial 3D variability between cell 203 types. 19, 20, [34] [35] [36] We also find that biologically related cell types have more similar TAD maps, 204 providing preliminary evidence for the cell type specificity of the 3D genome and providing 205 further rationale for investigating TAD map cell type differences. Disruption of 3D genome architecture has recently been shown to play a role in rare disease 282 and cancer; however, the relationship between 3D genome landscape and common disease 283 has not been investigated. Small-scale variation (e.g. single nucleotide polymorphisms [SNPs]) 284 may disrupt 3D genome structure, for example, by modifying CTCF-binding site motifs 285 necessary for TAD formation. 7,22 However, the contribution of small-scale variation in different 286 3D contexts to common phenotypes is unknown. We use partitioned heritability analysis to 287 quantify the relationship between different attributes of the 3D genome architecture and the 288 genetic architecture of common phenotypes. 289 We estimated common trait heritability enrichment among SNPs within annotations of 290 interest (e.g. TADs or TAD boundaries from different cell types) using stratified-LD score 291 regression (S-LDSC). 47, 48 We considered GWAS summary statistics from a previously-described The complex trait heritability enrichment at TAD boundaries is consistent across cell 312 types ( Fig. 4B ). We note that heritability enrichment occurs in a window "bookending" the TAD 313 start and stop that is larger than the exact 40 kb TAD start/stop site ( Fig. 4A ). To capture this 314 larger region flanking the TAD start/stop, we define a second set of TAD boundaries termed 315 "100 kb bookend boundaries" which represent regions 100 kb upstream of the TAD start and 316 100 kb downstream of the TAD end. Using this 100 kb bookend boundary, we find a modest, 317 but significant positive relationship between cell-type-stability and trait heritability enrichment (R 2 318 = 0.04, p = 0.009, Fig. 4C ). The most stable boundaries (fourth quartile) have 1.08x enrichment 319 of trait heritability compared to 0.97x enrichment in unique boundaries (first quartile). This 320 positive relationship between heritability and boundary stability holds even with the more local 321 40 kb windows; however, it is significantly weakened (p = 0.8, Supplemental Fig. 10 trait heritability enrichment (R 2 = 0.04, p = 0.009). Boundaries were defined using the 100 kb "bookend" strategy. 343 Error bars/band signify 95% confidence intervals. The heritability landscape across the 3D genome varies across phenotypes 347 Although complex trait heritability is generally enriched at TAD boundaries across multiple cell 348 types and traits, we hypothesized that TAD boundaries may be more important for certain traits 349 than others. Other studies have shown preliminary evidence that different traits have unique 350 enrichment profiles among different functional annotations. 48 To investigate trait-specific 351 heritability across the TAD landscape, we hierarchically clustered heritability enrichment profiles 352 across the 3D genome partitions by trait ( Fig. 5A ). We observed two distinct trait clusters. 353 One cluster of traits ("boundary-enriched" cluster) is strongly enriched for complex trait 354 heritability at TAD boundaries (Fig. 5B ). Across TAD maps in 37 cell types, these traits have on heritably enrichment within the TAD center (Fig. 5C ). 360 The traits in the boundary-enriched cluster are predominantly hematologic (e.g. white 361 blood cell and red blood cell counts), immunologic (e.g. rheumatoid arthritis, Crohn's disease), 362 and metabolic traits (e.g. type 2 diabetes, lipid counts) (Fig. 5E ). The traits in the boundary-363 depleted cluster are mostly neuropsychiatric (e.g. schizophrenia, years of education, Autism 364 spectrum disorder) and dermatologic (e.g. skin color, balding) ( Fig. 5E ). Our stratification of 365 complex diseases into phenotypic classes does not perfectly reflect the traits' pathophysiology. 366 For example, some dermatologic traits fall into the boundary-enriched cluster. However, these 367 dermatologic traits, like eczema, also have a significant immunologic and hematologic basis, 368 which are hallmarks of other traits in the boundary-enriched cluster. Additionally, body mass 369 index (BMI) clustered with the psychiatric-predominant boundary-depleted cluster instead of 370 with other metabolic traits in the boundary-enriched cluster. This is interesting given previous 371 findings that BMI heritability is enriched in central nervous system (CNS)-specific annotations 372 rather than metabolic tissue (liver, adrenal, pancreas) annotations. 48 Skeletal, cardiopulmonary, 373 and reproductive traits do not consistently segregate into one of the clusters (Fig. 5E ). This is 374 likely because of the small sample size and heterogeneity of traits in these phenotypic classes. 375 The relationship between heritability enrichment in TAD boundaries and the trait clusters 376 is not confounded by GWAS trait sample size (N), number of SNPs (M), or the traits' SNP-377 based heritability (h 2 SNP) (Supplemental Fig. 8 ). Despite using a diverse set of cell types, we 378 recognize that the heritability pattern differences between traits could be affected by the 379 representation of cell types investigated. However, given that the pattern of heritability 380 enrichment is consistent across all cell types (Fig. 4B) , we are confident that no single cluster of 381 cell types is driving the heritability pattern differences between traits. Furthermore, these 382 patterns are maintained even when calling TADs using a variety of computational methods 383 (Armatus, Arrowhead, DomainCaller, HiCseg, TADbit, TADtree, TopDom), suggesting that the 384 finding of immunologic and hematologic heritability enrichment at TAD boundaries is robust to 385 technical variation (Suppplemental Fig. 9 ). 386 Although analysis over all traits revealed a positive relationship between boundary cell-387 type-stability heritability enrichment (Fig. 4C ), we found that this trend differs between the two 388 trait clusters. Traits in the boundary-enriched cluster have further heritability enrichment in cell-389 type-stable boundaries (R 2 = 0.26, p = 4x10 -7 , Fig. 5D ). The most stable boundaries (fourth The boundary-enriched cluster is predominantly hematologic, immunologic, and metabolic traits. The boundary-405 depleted cluster is predominantly neuropsychiatric traits. (E) There is a negative correlation between (100 kb 406 "bookend") boundary stability and trait heritability for traits in the boundary-depleted cluster (R 2 = 0.042, p = 0.07). Starting from this foundation, much further work is needed to elucidate the molecular 501 mechanisms, evolutionary history, and cell-type-specificity of TAD structure disruption. 502 Furthermore, while we have identified properties of TAD boundaries stable across cell types, it 503 would also be valuable to identify differences in TAD boundary stability across species to find 504 human-specific structures. Finally, as high-resolution Hi-C becomes more prevalent from 505 diverse tissues and individuals, we anticipate that computational prediction of personalized cell-506 type-specific TAD structure will facilitate understanding of how any possible variant is likely to 507 affect 3D genome structure, gene regulation, and disease risk. Defining TADs 512 TAD maps for 37 different cell types were obtained from the 3D genome browser in BED format 513 (Supplemental Table 1 ). 42 All TAD map analyses were conducted using the hg19 genome build.
514
All cell types were available in hg19 format, except the Liver data, which we downloaded in 515 hg38 and used the UCSC liftOver tool to convert to hg19. 64,65 All TAD maps were systematically 516 predicted from Hi-C data using the hidden Markov model (HMM) pipeline from Dixon et al.
517
(2012). 19, 42 All analyses on the TAD map BED files were performed using the pybedtools 518 wrapper for BedTools. 66, 67 Most maps were already defined using the same 40 kb windows. 519 15 However, 7 cell types (GM12878, HMEC, HUVEC, IMR90, K562, KBM7, NHEK) were defined 520 using 25 kb windows. We converted each of these TAD start and stop positions to the 521 corresponding 40 kb windows used for the other cell types. Therefore, all resulting maps are 522 defined with respect to the same 40 kb windows across the genome for each cell type. For each cell type we defined a set of 40 kb boundaries. These were the 40 kb windows 527 surrounding (± 20 kb) TAD start and stop sites. For example, if a TAD was located at chr1: 528 2,000,000-3,000,000, we would define its TAD boundaries to be at chr1:1,980,000-2,020,000 529 (boundary around the start) and chr1:2,980,000-3,020,000 (boundary around the end). These 530 40 kb boundaries would be with respect to the same 40 kb windows across the genome for all 531 cell types because of how the TADs were defined (see above). Therefore, to quantify stability, 532 we examined each 40 kb window across the genome (e.g. chr1:20,000-60,000, chr1:60,000-533 100,000, chr1: 100,000-140,000, etc.). If there was a TAD boundary at that window for any of 534 the cell types, we counted how many cell types (out of 37) shared that boundary. If only one cell 535 type had a boundary at that location, it would be considered a "unique" boundary; whereas if it 536 was observed in many cell types, it would be considered "stable. To quantify the stability, we Fig. 2A ). For example, if liver cells had a boundary at chr1:60,000-100,000 and 546 muscle cells had a boundary at chr1:100,000-140,000, we would consider this to represent the 547 same larger boundary of chr1:60,000-140,000. We show the size distribution of the collapsed 548 boundaries in Supplemental Fig. 2B . We did not consider the 930 (11%) boundaries that, when 549 collapsed, were larger than 200 kb. Therefore, the collapsed boundaries are either 40, 80, 120, 550 160, or 200 kb long. We calculated the boundary stability and stability percentiles in the same 551 way as the 40 kb boundaries (above).
553
Quantifying TAD boundary profile similarity 554 To quantify TAD boundary profile similarity between any two cell types, we calculate a Jaccard 555 similarity coefficient. We do this by counting the number of shared boundaries (intersection) and 556 dividing by the total boundaries over both tissues (union) . For the TAD boundary similarity 557 heatmaps in Fig. 2C and Supplemental Fig. 3 , we clustered the cell types using complete-558 linkage (i.e. farthest neighbor) with the Jaccard distance metric (1-stability PhastCons, genes) using the same method described above for TAD boundaries.
631
Quantifying partitioned heritability with S-LDSC 632 We conducted partitioned heritability using stratified-LD Score Regression v1.0.1 (S-LDSC) to 633 test whether an annotation of interest (e.g. TADs or TAD boundaries) is enriched for heritability 634 of a trait. 47, 48 We considered GWAS summary statistics from a previously-described 635 representative set of 41 diseases and complex traits. [49] [50] [51] [52] [53] [54] [55] [56] [57] [58] [59] Previous studies using these traits 636 had GWAS replicates (genetic correlation > 0.9) for six of these traits. For these six traits (BMI, 637 Height, High Cholesterol, Type 2 Diabetes, Smoking status, Years of Education), we considered 638 only the GWAS with the largest sample size so our combined analysis did not overrepresent 639 these six. All GWAS are European-ancestry only. We use 1000 Genomes for the LD reference where h 2 (c) is the heritability explained by common SNPs in annotation c, h 2 is the heritability 652 explained by the common SNPs over the whole genome, |c | is the number of common SNPs 653 that lie in the annotation, and M is the number of common SNPs considered over the 654 genome. 48, 50 To investigate trends over all traits, we average the heritability enrichment and 655 provide a confidence interval. When compared to meta-analysis using a random effects model 656 conducted using Rmeta (function meta.summaries()) 48,50,60,76 the trends are consistent 657 (Supplemental Fig. 6 ); therefore, we use averaging for future analyses to improve interpretability 658 and reduce over-representation of higher powered GWAS traits. 
